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a  b  s  t  r  a  c  t
The  impact  of intra-seasonal  climate  variability  on  inter-annual  variation  in  winter  wheat  and  grain
maize  yields  over  92 French  administrative  regions  is  assessed.  Observed  monthly  time  series  of  temper-
ature,  precipitation  and  solar  radiation  during  the  growing  season  are  analysed  together  with reported
annual  crop  yields  with  a statistical  approach  based  on partial  least  square  regression.  Results  highlight
remarkable  spatial  differences  in the  contribution  of  the  main  meteorological  drivers  to  crop  yield  vari-
ability and  in  the timing  of the  maximum  impact.  Overall,  temperature  and  global  solar  radiation  are
identiﬁed  as  the  most  important  variables  inﬂuencing  grain  maize  yields  over  the  southern,  eastern  and
northern  parts  of  France,  while  rainfall  variability  dominates  yields  over the  central  and  north-western
parts  of the  country.  Positive  rainfall  anomalies  during  the  summer  months  lead  to an  increase  in  maize
yields,  while  positive  temperature  and  radiation  anomalies  have  the  opposite  effect.  Extensive  irrigation
suppresses  the  rainfall  signal  in  dry  years.  Winter  wheat  yields  are  predominantly  inﬂuenced  by  tem-
perature  variations  in  eastern  France  and by  rainfall  variations  over  the  northern,  north-western  and
south-eastern  France.  In general,  variation  in  global  radiation  plays  a more  important  role  in the  south-
ern  than  in  the  northern  part  of  the  country.  Our  study  contributes  to  a better  understanding  of  the
impact  of  intra-seasonal  climate  variability  on  crop  yields.  Potential  applications  of the inferred  models
are  discussed,  especially  in  terms  of seasonal  crop  yield  forecasting  and  validation  of dynamic  crop  model
simulations.
© 2015  The  Authors.  Published  by  Elsevier  B.V. This  is  an  open  access  article  under  the  CC  BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).. Introduction
Prevailing climatic conditions underpin the suitability of agri-
ulture to produce food, feed, fuel and ﬁbre. At the same time
gricultural production is greatly affected by weather extremes
nd climate variability (e.g. Cantelaube and Terres, 2005), the lat-
er referring to the variations beyond synoptic timescales of the
ean state and other properties of the climate system (Cubasch
t al., 2013). Disentangling the inﬂuence of climatic variability
n recorded crop yield variability has been an age-old activity
f farmers, agronomists, and agro-meteorologists (e.g. Porter and
emenov, 2005). A renewed impetus for this research has emerged
ue to concerns related to climate change and the associated
xpected changes of the principal climatic factors determining crop
rowth. Understanding the relationship of climate variability with
∗ Corresponding author. Tel.: +39 0332786256; fax: +39 0332783033.
E-mail address: andrej.ceglar@jrc.ec.europa.eu (A. Ceglar).
ttp://dx.doi.org/10.1016/j.agrformet.2015.10.004
168-1923/© 2015 The Authors. Published by Elsevier B.V. This is an open access article 
/).past crop production is of high importance to assess the resilience of
our agricultural production systems to future climate conditions as
well as the identiﬁcation of adequate measures to adapt to climate
change.
Intra-seasonal climate variability can affect crop production
during all phases of the crop growing cycle: directly through the
effects of temperature, water availability, radiation interception,
and carbon ﬁxation; indirectly by modulating nutrient availabil-
ity and the occurrence of diseases and pests (Olesen et al., 2000).
The sensitivity of optimal crop growth and development to spe-
ciﬁc weather conditions depends on the crop and growth stage.
For instance, during the early growth stages of grain maize,
unfavourable weather conditions (e.g. wet  and cold weather) can
limit the size of the leaves and therefore the photosynthetic capac-
ity. In the later stages, adverse conditions (e.g. heatwave and
drought) can reduce the number of silks produced, resulting in poor
pollination of the ovules and restricting the number and/or the size
of the developing kernels (Ritchie et al., 1993). Importantly, the
same extreme weather event can also lead to contrasting responses
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.
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f crops, for example as a function of growth stage (e.g. Van der
elde et al., 2012). Finally, crop quality and ﬁeld workability are
ighly weather dependent.
Two approaches to identify the driving factors behind crop
ields can be distinguished: mechanistic (dynamic) crop modelling
e.g. Van der Velde et al., 2012) and statistical modelling (aiming
t relating reported crop yields variability to a set of explana-
ory variables; e.g. Lobell and Burke, 2010), even though hybrid
pproaches have also been developed (e.g. Lobell, 2013). The main
dvantage of using a crop model is the comprehensive characteri-
ation of the crop production system. Once properly calibrated, and
valuated with observed data, crop models can also provide infor-
ation on possible management interventions to better cope with
xpected changes in temperature and precipitation (e.g. Laux et al.,
010; Balkovicˇ et al., 2014). The main disadvantage of applying
ynamic crop models (originally developed to run at the ﬁeld scale)
t the larger scale is the requirement of an extensive set of input
ata with information on soils, meteorological variables, agro-
anagement practices (sowing and harvesting date, fertilization
ate and irrigation) and eco-physiological parameters describing
he crop variety. Since these models have generally been calibrated
o local ﬁeld conditions, their use in other regions would require a
ecalibration (Folberth et al., 2012). Nevertheless, large scale imple-
entations of crop models can reproduce average observed yields
Liu, 2009; Balkovic et al., 2013), often by using agricultural man-
gement inputs that are centred around one year. In any case,
etailed and complete spatially resolved datasets with informa-
ion on crop rotation, spatial distribution of varieties and cultivars,
patial and temporal heterogeneity of fertilization rates as well as
rrigation practices (required for a complete model parameteriza-
ion) are rarely available (Lobell et al., 2008). Recent advances in
he ability of ensembles of ﬁeld-scale crop models to reproduce
he effects of climate variability on crop yield provide a promising
ay ahead (Asseng et al., 2013).
Over the last decade, the use of statistical approaches to charac-
erize the relationship between yields and meteorological variables
as increased with the increasing availability and improved quality
f observed data (e.g. from remote sensing and reported statis-
ics). Lobell (2010) suggested a superior performance of statistical
pproaches w.r.t. crop models to identify this relationship. How-
ver, most statistical analyses of inter-annual crop yield variability
ave been focused on the seasonal or growing-season time scale
e.g. Lobell et al., 2008; Tebaldi and Lobell, 2008; Schlenker and
oberts, 2009; Lobell and Burke, 2010; Ceglar and Kajfezˇ-Bogataj,
012; Michel and Makowski, 2013). Therefore, opportunities exist
o use statistical approaches to better characterize intra-seasonal
mpacts on inter-annual crop yield variability. This is especially
ertinent given the improved quality of weather forecasts during
he last decades (e.g. ECMWF, 2013). Modern agriculture has been
ncreasingly using information from operational weather forecasts,
or instance to: plan the preparation of ﬁelds (ploughing), sow or
lant, apply agricultural chemicals, schedule irrigation, weed, crop
arvest and storage, prevent damages due to chilling, frost and
reezes, forestry operations, etc.
The main objective of our study is to identify the key meteo-
ological variables and their period of maximum inﬂuence on the
nter-annual variability of grain maize and winter wheat yields
uring crop growth. We  propose a statistical approach that is
ble to: tackle the problem of co-variation and provide infor-
ation on the main intra-seasonal driving meteorological factors
f crop yield inter-annual variability. Subsequently, we evaluate
hether the results from the statistical approach are in agreement
ith the agronomic knowledge on the principal meteorological
rivers and timing with respect to sensitive growth stages. Our
nalysis requires statistical crop yield and meteorological informa-
ion for sufﬁciently long time scales at sub-national spatial scales. Meteorology 216 (2016) 58–67 59
Therefore, we analyse winter wheat and grain maize yield variabil-
ity by using reported data from 92 French administrative regions
(hereafter called départements).  Four major climate types (mar-
itime, Mediterranean, continental and mountainous) meet and
interweave in France (Joly et al., 2010; Peel et al., 2007); this allows
a comparison of climate variability-crop yield relationships over
different climate types.
2. Data
Time series (from 1989 to 2014) of grain maize and winter wheat
yields from 92 French départements (Fig. S.1) were provided by
AGRESTE Ministère de l’Agriculture (AGRESTE, 2015). Wheat is pre-
dominantly produced in the northern part of France, while grain
maize is more predominantly cultivated in south-western France
(Van der Velde et al., 2012). Weather data were retrieved from the
MARS Crop Yield Forecasting System (MCYFS) database, established
and maintained by the Joint Research Centre for the purpose of
crop growth monitoring and seasonal forecasting (Biavetti et al.,
2014). In short, daily meteorological data are obtained every day
from around 4000 weather stations and interpolated into a regular
25 × 25 km grid over Europe and neighbouring countries (635 sta-
tions are located in France). In this study, we use monthly mean
temperature, monthly cumulated precipitation and global solar
radiation for the entire growing season. The analysed period, there-
fore, stretches from October to July for winter wheat and from
April to September for grain maize. Gridded meteorological data
are spatially aggregated at the département level, only consider-
ing the agricultural areas as provided by the Global Land Cover
2000 project (GLC2000; Bartholome and Belward, 2005) within
each département (Fig. S.1). Even though the quality of the French
agricultural statistics is very high, few issues (unlikely related to
climate or agronomical practices) were identiﬁed in several grain
maize time series. These suspicious time series exhibited either one
or a combination of the following issues:
a) equal crop yield values in three or more consecutive years,
b) biophysically implausible yield values (e.g. yields higher than
14 t/ha),
(c) sudden drops or increases in yield values, i.e. a break point in the
time series associated with an almost negligible inter-annual
variability afterwards.
The affected départements for grain maize are: Haute-Garonne,
Aude, Isère, Bouches-Du-Rhône, Var, Alpes-De-Haute-Provence,
Lozère, Alpes Maritimes and Cantal. They were discarded from
further analysis. All départements were kept for the winter wheat
analysis.
3. Methods
3.1. De-trending
In order to analyse the impact of climate variability on crop
yield inter-annual variability, time series must be de-trended. Crop
yields are strongly inﬂuenced by intra-seasonal and inter-annual
climate variability, but also by improvements and responses in
agro-management practices and other socio-economic factors. To
maximize and enhance ecosystem service beneﬁts from agricul-
tural ﬁelds (including crop yield), appropriate agro-management
is often required, for instance, to control soil erosion and reduce
nutrient applications. Generally, it takes several years before
new crop varieties or new agro-management practices come into
practice. Here, we  assume that the inﬂuence of these factors
is mainly reﬂected in the multi-annual trend component of the
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ield time series. However, as mentioned in the introduction,
uch methodology cannot identify and ﬁlter out ad-hoc adaptation
easures taken by farmers to counterbalance adverse weather con-
itions (e.g. Van der Velde et al., 2010). At the same time, certain
evelopments are hard to isolate; as an example, while the maize
rea stayed constant between 2000 and 2013, the irrigated maize
rea in France decreased by 12% (DISAR, 2014).
The locally weighted polynomial regression (LOESS; Cleveland,
979) is here applied to de-trend the crop yield time series. The
ame procedure is also applied to all the other explanatory vari-
bles (temperature, precipitation and global radiation) as the PLSR
egression, described in Section 3.3, assumes stationarity of time
eries. Moreover, this study focuses on inter-annual variability of
ime series rather than on trends.
.2. Spatial clustering of crop yield time series
A hierarchical clustering method (Murtagh, 1985) is used to
dentify spatially homogenous areas in terms of inter-annual
rop yield variability. A correlation-based dissimilarity measure is
mplemented in the clustering procedure.
This spatial classiﬁcation can aid in the interpretation of
he dominant climatic drivers and possibly prevalent agro-
anagement techniques.
.3. Inter-annual crop yield variability
A Partial Least Squares Regression (PLSR; Garthwaite, 1994;
old et al., 2001; Rosipal and Kramer, 2005) approach is used to
stimate the relationship between meteorological variables and
rop yield time series. PLSR is a ﬂexible method for multivariate
ata analysis that has been already applied in numerous previ-
us studies (e.g. Mehmood et al., 2012). It is very useful especially
hen the number of explanatory variables is similar or higher
han the sample size. In this study, the number of explanatory
ariables amounts to 18 (3 meteorological variables for 6 months
f the growing season) and 30 (3 meteorological variables for 10
onths of growing season) for grain maize and winter wheat,
espectively. In addition, the PLSR can deal with cases when the
xplanatory variables are strongly correlated (i.e. there is strong
ollinearity). Here, signiﬁcant correlations (which are stronger in
he warm half of the year) appear between monthly meteorological
ariables.
PLSR generalizes and combines features from principal compo-
ent analysis (Jolliffe, 2002) and multiple-regression and can be
nterpreted as a form of Canonical Correlation Analysis (Rosipal and
ramer, 2005). The PLSR model is mainly based on the extraction
f a sub-set of latent variables (i.e. inferred, not directly observed
ariables, to have the best predictive power) from the full set of
redictors X. These latent variables are derived by maximizing the
ovariance of the transformed X (here, meteorological data) and Y
here, the observed crop yield data). Brieﬂy, independent normal-
zed variables X and Y are decomposed as
X = TPT + E
Y = UQ T + F
here P and Q represent weight matrices, T and U denote the latent
ariable matrices, E and F are the matrices of residual terms. Latent
ariables T are inferred from the explanatory meteorological vari-
bles X and can correspond to an aspect of physical reality, in our
ase the dominant monthly weather patterns having the highest
mpact on inter-annual crop yield variability. Thus, the model to be
sed for the estimation becomes Y = TDQT +  assuming U = TD + H
here D is a diagonal matrix,  and H matrices of residuals. For
 complete overview of the methodology, the reader is referred to Meteorology 216 (2016) 58–67
Wold et al. (2001) and Rosipal and Kramer (2005). To fully take
advantage of both Canonical Correlation Analysis (e.g. Izenman,
2008) and PLSR, the canonical powered partial least square regres-
sion (Indahl et al., 2009) is used in this study. PLSR is applied
to de-trended crop yield time series (Y) and the aforementioned
monthly meteorological variables (X).
Bootstrap is used to determine the number of relevant latent
variables as well as the importance of the explanatory mete-
orological variables on the prediction of crop yield anomalies.
500-time resampling is found to provide very consistent results
with stable bootstrap uncertainty intervals. The number of relevant
latent variables in the PLSR regression is determined by the ordi-
nary bootstrap validation approach (Efron and Tibshirani, 1993).
The importance of each variable is assessed by using the Vari-
able Importance of Projection (VIP; Mehmood et al., 2012). This
method measures the contribution of each explanatory variable
according to the variance explained by each PLSR latent variable.
More details can be found in the Supplementary Online Material
(SOM).
4. Results
4.1. Analysis of de-trended crop yield time series
Grain maize and winter wheat are widely grown crops in France.
Yields of grain maize have increased in the last 20 years (Fig. 1)
although a levelling off can be observed after 2000. An increased
frequency of heat spells has been suggested as a potential explana-
tion (Hawkins et al., 2013). Stagnating yields of winter wheat (Fig. 1)
can be attributed to different causes, such as changes in agricultural
practices (especially in the application rates of fertilizers), higher
frequency of heat stress and drought events during the stem elon-
gation period (Brisson et al., 2010; Michel and Makowski, 2013).
High spatial variability characterizes the observed yields for both
crops, suggesting that better information on the impact of climate
variability on yields can be gained by working at the regional scale
rather than at the national one.
The inter-annual variability of yields, expressed as the vari-
ance of the de-trended time series, is highly variable across France
(Fig. S.2). The highest grain maize variability can be observed over
Haute–Vienne (69, see Fig. S.1) and surrounding départements in
the western part of France. In contrast, in central-northern France
the inter-annual variability is lower. As for winter wheat, slightly
higher variability can be observed in several départements in the
northern, western and southern parts of the country. The spatial
distribution of inter-annual variability of winter wheat yields is
more homogeneous.
Figs. S.3 and S.4 display a cross-correlation analysis of de-
trended yields across all départements for grain maize and winter
wheat, respectively. Homogeneous regions are chosen accord-
ing to hierarchical clustering of de-trended crop yield time
series. Five homogeneous regions for winter wheat are identiﬁed
(Fig. 2): south-western—SWFWW, south-eastern—SEFWW, central-
east—CEFWW, central-west—CWFWW and north-west—NWFWW. As
expected, low correlation values between yield anomalies can be
observed when comparing wheat yields of northern and south-
ern France and of the maritime and Mediterranean zones. This
suggests that different climatic processes inﬂuence crop yield vari-
ability over these regions. This is not the case for central and eastern
France, where higher spatial coherence between yield time series
can be observed. In the case of grain maize, slightly different regions
were obtained (Fig. 2): south—SFGM, eastern—EFGM, central—CFGM,
central-north—CNFGM and north-west—NWFGM. A clear difference
can be observed between yields from southern France, with the
most intensive maize production, and the rest of the country. The
A. Ceglar et al. / Agricultural and Forest Meteorology 216 (2016) 58–67 61
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wig. 1. Box-plots of grain maize (left) and winter wheat (right) yield time series ove
kill  (see Fig. 6). The bold horizontal bars represent the median value of observed yi
0th  percentile and dots the extreme values. The red lines represent the median of
ecorrelation spatial scale is shorter for grain maize than for wheat.
his could be explained by larger dependency of grain maize on
ater availability during the most sensitive growth stages, which
s related to irrigation intensity as well as prevailing climate type.
egions that are irrigated report yields that are temporally more
table. For example, there is a clear distinction in percentage of irri-
ated grain maize between southern, central and northern parts of
rance (AGRESTE, 2015; Van der Velde et al., 2010). Intensively irri-
ated areas are located over the Mediterranean, the south-western,
entral and the eastern-most parts of France (Fig. S.5), where also
ore homogeneous grain maize yield time series can be observed.
n addition, those regions are characterized by lower inter-annual
aize yield variability (Fig. S.2).
.2. Assessment of PLSR regression predictive skills
The ordinary bootstrap cross validation (see SOM) is used to
etermine the optimal number of latent variables as well as the sig-
iﬁcance of the derived PLSR models. Cross-validated Mean Square
rror of Prediction (MSEPboot) values indicate that two  latent vari-
bles are sufﬁcient in 70 départements,  whereas in the remaining
épartements three latent variables lead to optimal PLSR model in
he case of grain maize. As for winter wheat, two latent variables
re sufﬁcient for 68 départements,  whereas three are chosen for the
ig. 2. Homogeneous regions obtained by using hierarchial clustering of de-trended grain
here the inferred PLSR models are not signiﬁcant in terms of capturing the intra-season
as  discarded.ce for the départements where the inferred PLSR regression model has a prediction
ries, boxes represent the interquartile range, whiskers the range between 10th and
mulated values over the same départements using the inferred PLSR models.
rest of the départements.  However, the most signiﬁcant reduction
in MSEPboot is already achieved by using the ﬁrst latent variable
(Fig. S.6).
After the optimal number of latent variables is determined
for each département separately, the signiﬁcance of the optimal
PLSR models is assessed (for more details the reader is referred to
SOM). The analysis reveals that optimal PLSR models signiﬁcantly
explained a fraction of the yield inter-annual variability over the
major part of France for both crops. However, few exceptions are
identiﬁed, where the derived PLSR models do not appear to be sig-
niﬁcant in terms of capturing an intra-seasonal climate signal in
the crop yield time series (Fig. 2). These départements are excluded
from further analysis.
Although the derived PLSR models signiﬁcantly explained a
fraction of variability in the majority of maize yield time series,
spatial differences can be observed in the amount of explained
variability as well as in the prediction skill. The reason for this
can be attributed to several factors. First, the quality of input data
(meteorological as well as crop yield statistics) determines the
quality of the inferred models. The density of the meteorological
stations as well as the applied interpolation methods (from the
station scale to the regional scale) can also inﬂuence the quality
of the inferred model. Second, the magnitude of the de-trended
variability plays an important role. As for grain maize, the proposed
 maize (left) and winter wheat (right) yield time series. Dots identify départements
al climate signal in crop yield time series. White regions denote areas where data
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tatistical model can explain a large fraction of variability when
he yield series are characterized by high inter-annual variability
Fig. S.2). On the contrary, the statistical model explains less
ariability in regions with lower crop yield inter-annual variability
mainly in the northern part of France).
As stated in the introduction, only de-trending is applied here
o ﬁlter out the effect of changes in agro-management. However,
ntensity and changes in these practices could still affect the inter-
nnual crop yield variability (Jourdain et al., 2001; Branca et al.,
011). For instance, the effects of irrigation practices on grain
aize yields can go beyond a simple trend. Fig. S.7 shows de-
rended inter-annual variance of rainfed and irrigated maize yields
or départements reporting both. Inter-annual yield variability of
rrigated maize is generally lower than rainfed maize variability,
ith the exception of some départements in EFGM, where variabil-
ty is comparable. Irrigation mitigates the inﬂuence of weather
especially precipitation) by decreasing the leaf temperature dur-
ng hot days, and therefore lowering the negative impact of hot
pell on biomass production (e.g. Van der Velde et al., 2010). Here,
he effect of intra-seasonal climate impact on crop yields is not
nvestigated separately for irrigated and rainfed maize (due to the
horter time series available). Therefore, in départements with pre-
ailing irrigated agriculture, the aggregated maize yield time series
ainly reﬂect the sub-regional irrigated yield time series. This can
e clearly observed in our analysis, where the rainfall signal during
he summer months is not relevant (see Section 4.3.1). In addition,
he amount of explained variability of derived PLSR models is lower
or départements where the irrigated area is higher than the one of
he rainfed area.
The derived PLSR models are able to explain more than 44% and
3% of crop yield inter-annual variability for grain maize and winter
heat, respectively (Figs. 3–5). For grain maize, the explained vari-
bility is highest over south-western, western and eastern-most
rance. A similar spatial pattern in model performance is found
or winter wheat, with slightly higher explained variability over
outhern and western France. In general, explanatory power of the
erived PLSR models is slightly higher for winter wheat. This could
e related to the fact that irrigation, which can mask the climate
ignal, is generally not used for winter wheat. It is noteworthy that
ver regions with higher model skill, there is a clear distinction
etween explanatory variables importance. Over the regions with
ower, but still signiﬁcant, model skill, the distinction in the impor-
ance of explanatory variables becomes less pronounced. This can
ndicate that the PLSR models perform well over regions where
 few key weather factors deﬁne the potential yield (e.g. precip-
tation and temperature during the sowing period and anthesis
eriod). In order to obtain more stable PLSR regression models
with relatively low residual variability), longer yield time series
re needed. Longer time series of crop yield would increase the
ample of different seasonal weather patterns and would make the
LSR regression models more stable. In addition, different aggrega-
ion periods for the meteorological variables could be useful (e.g.
evelopment stages or sub-monthly time aggregates). However,
ccurate phenological observations would need to be available for
he entire period of analysis.
.3. The importance of intra-seasonal climate variability
Bootstrapped VIP scores and standardized regression
oefﬁcients of the PLSR regression models are used to assess
he inﬂuence of intra-seasonal climate variability on crop yield
nomalies. Standardized regression coefﬁcients reﬂect both the
agnitude and the direction of the climate inﬂuence. They rep-
esent how many standard deviations the crop yield changes
or each standard deviation unit change in the explanatory vari-
bles. Values above 0 indicate positive contributions, whereas Meteorology 216 (2016) 58–67
below-zero values indicate negative contributions. Figs. 3–5 show
the resulting standardized regression maps for grain maize and
winter wheat, respectively. The coefﬁcients are only shown for
those explanatory variables identiﬁed as important by the VIP
measure. Standardized regression coefﬁcients only provide infor-
mation on how the anomaly of a particular explanatory variable is
related to yield anomaly. Crop growth, however, is a cumulative
process, integrating the inﬂuence of climate anomalies during
the whole period of the growing season. In order to assess the
relative importance of temperature, precipitation and global solar
radiation for the whole growing period, the cumulative VIP maps
are needed (Figs. 4–6). They show the relative contribution of these
variables (integrated over the growing season) to the explained
crop yield variability.
4.3.1. Grain maize
The sensitivity of crop growth to severe weather anomalies dif-
fers during the growing season. Grain maize is more sensitive to
stress factors during the anthesis (ﬂowering) period and this is
well reﬂected in the regression map, showing the most inﬂuen-
tial meteorological variables mainly in July and August (Fig. 3).
The grain-ﬁlling period in August is also highly sensitive to mainly
temperature and precipitation. However, spatial differences can be
observed in the timing of impact as well as in the meteorological
variables having higher relevance. Generally, positive tempera-
ture and global radiation anomalies in July and August lead to
lower maize yield, whereas positive rainfall anomalies in the same
months have the opposite effect.
Maize yields in the NWFGM, CNFGM and CFGM are sensitive to
meteorological conditions in August, while weather conditions in
July have a substantial impact on maize yields in SFGM and EFGM.
Among other factors, discussed below, this may  be associated with
an earlier planting date over southern and eastern parts of the coun-
try (Fig. S.8). The cumulative importance over the growing season
indicates that global radiation and precipitation play a more impor-
tant role than air temperature over the western half of the country
(Fig. 4). As a consequence of the mild maritime climate over those
regions, temperature is not the most important explanatory vari-
able. In several départements of the NWFGM and CNFGM regions,
weather in the early season (May) seems to have important effects
on maize yields (Fig. 3) and the associated standardized regression
coefﬁcients are positive. In the early season, during the vegetative
stage of grain maize, the leaf area grows exponentially and the
intercepted radiation increases. Changes in solar radiation in the
early season therefore play a crucial role as they affect the capa-
bility of crop to intercept light later in the growing season, when
the grain yield formation occurs. Temperature in September, with
positive inﬂuence on yields, is identiﬁed as an important variable
over several départements of NWFGM and CNFGM. Over EFGM, yields
are dominantly impacted by weather conditions in July; weather in
August is less relevant in explaining inter-annual maize yield vari-
ability. This could be due to the fact, that the climatic water balance
during August in these areas is closer to zero.
In the major grain maize producing areas of south-western
France, all meteorological variables in July and August have an inﬂu-
ence on grain maize yields, but the cumulative importance maps
show that global radiation and air temperature are more important
than the others (Fig. 4). Irrigation during dry years could suppress
the precipitation signal, as can be observed in southern (SFGM), east-
ern (EFGM) and central France (CFGM) of Fig. 3. Rainfall in July is not
relevant in extensively irrigated regions, such as départements 59,
61, 66, 83, 84, 86 and 92 in SFGM. In the départements of SFGM, where
rainfall in July is an inﬂuential variable, the regression coefﬁcient
magnitude is lower than in regions with prevailing rainfed agri-
culture. In CFGM, July rainfall is an inﬂuential variable only over
départements with almost no irrigated cropland. Rainfall in August
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Fig. 3. Standardized regression coefﬁcients of the explanatory meteorological variables for the identiﬁed homogeneous regions. The coefﬁcients indicate how many standard
deviations of grain maize yield will change for every standard deviation unit change of the explanatory variables. Shown are only the coefﬁcients for the explanatory variables
having a bootstrapped VIP value higher than 0.83 (i.e. in at least 90% of bootstrap samples). On the x-axis, labels are associated with: mean air temperature (Tmean), cumulative
rainfall (RR) and cumulative global radiation (RG) for each month of the grain maize growing season (from April until September, months are denoted with numbers; e.g.
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hmean 4 is the mean air temperature of April). The explained variability of the PLSR
lue  bars on the right side of the plots represent the amount of irrigated maize cro
épartement identiﬁer.
s of higher relevance in CFGM, also over irrigated cropland. This
ight be the consequence of less intensive irrigation during the
rain ﬁlling period of August and/or the fact that grain maize time
eries are aggregated by using the irrigated and the rainfed maize
ield time series. In areas where grain maize is extensively irri-
ated, the impact of heat stress on leaf growth is probably lowered
s irrigation decreases the ambient temperature and, thus, the heat
tress experienced by the leaves. Hawkins et al. (2013) report that
he relative importance of precipitation variability for maize yields
as decreased since the 1960s, while simultaneously the heat stressession models is indicated on the y-axis on the right side of each plot. Horizontal
(Fig. S.5) for each département. Numbers on the left side of each plot represent the
variability has gained in importance. Although the crop yield time
series in our analysis are shorter than the ones used by Hawkins
et al. (2013), our results support their ﬁndings during July. This pat-
tern is likely related to heat wave occurrence, since these events can
signiﬁcantly inﬂuence the monthly mean air temperature.4.3.2. Winter wheat
The importance of meteorological variables on winter wheat
is regionally much more variable and more disperse across the
growing season than for grain maize (Fig. 5). In large areas of
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sig. 4. Cumulative importance of temperature, precipitation and global solar radia
hite colour denotes areas where either the PLSR regression model is not signiﬁcan
he country, weather conditions at the beginning of the season
October/November/December) are important. Nevertheless, spa-
ial differences can be observed in terms of timing of the largest
mpacts. This is related to timing of sowing that usually takes place
etween October and November in France (Fig. S.8, depending on
he region and the weather conditions) as weather conditions affect
he preparation of seedbed and subsequent sowing. Adverse con-
itions for planting are linked to over-wet conditions. Moreover,
he timing of tillering, which is the most important process gover-
ing the canopy formation, depends on the sowing date. In general,
ositive global radiation anomalies in October increase yields
n SWFWW. In other regions of France, positive rainfall anoma-
ies in November/December are related mainly to negative yield
nomalies. December positive temperature anomalies in CEFWW
ontribute to lower crop yields.
Weather conditions during the ﬁrst two months of the year are
mportant in CWFWW, SWFWW and NWFWW; however, high spa-
ial variability can be observed in terms of impacted regions. VIP
alues highlight the importance of global radiation and precipita-
ion over the central and western-most parts of France in February
Fig. 5). Given that winter climate over these areas is rather mild
nd humid, excessive precipitation during the ﬁrst two months of
he year can lead to waterlogging during the dormancy period. On
he contrary, positive global radiation anomalies are related with
ositive yield anomalies. It is worth to note that positive air tem-
erature anomalies during winter months (identiﬁed as important
nes) impact the yield negatively. This can be related to the reduced
rost resistance (vernalization) caused by warmer weather.
Over CEFWW and SEFWW, positive temperature anomalies in
arch, when winter wheat usually enters the heading stage, lead
o negative yield anomalies. Indeed, warmer temperatures lead to
ooner breaking of winter dormancy and expose crops to spring
reeze injuries. The probability of occurrence of these events is sig-
iﬁcantly higher over eastern France. Nevertheless, the direct effect
f frost events cannot be fully captured here, since monthly aver-
ges are considered, while frost kill occurs over shorter time scales.
ther factors need to be considered to better understand the sig-
iﬁcant impact of temperature in March. The sowing date has little
nﬂuence on the heading or ﬂowering date when the wheat plant is
xposed to sufﬁciently low temperatures (to be completely vernal-
zed by the time plant breaks dormancy in spring; Hu et al., 2005).
owever, warmer conditions during the vernalization period can
esult in fewer heads, and poorer yields, especially in varieties with
onger vernalization requirements (Ortiz et al., 2012).
Development of winter wheat after heading is modiﬁed by tem-
erature changes and photoperiod sensitivity. Depending on the
egion and variety sown, winter wheat is generally entering the
owering period in the second half of April or May, when it is highly
ensitive to weather anomalies. During this period, inadequate soilor the explained variability of grain maize yields, expressed in relative terms. The
egions where data was  discarded.
moisture or heat stress may  result in ﬂower abortion and, thus,
reduced yields (Barnabas et al., 2008). Weather conditions in April
seem to affect yields over SWFWW, SEFWW and CWFWW, while May
seems to play a more important role over CEFWW. High sensitivity
to temperature in April is found for SWFWW, with positive tem-
perature anomalies contributing to reduced yield levels. Positive
precipitation anomalies in April have positive inﬂuence on yield.
Over the NWFWW, CEFWW and part of CEFWW, weather conditions in
June and especially July are important because precipitation short-
age might reduce the yield formation during the grain ﬁlling period.
Over CEFWW and SWFWW, July weather conditions are less relevant,
since grain maturity is usually reached before.
The cumulative importance of meteorological variables indi-
cates that temperature has a higher impact on inter-annual crop
yield variability over south-western and eastern France (Fig. 6). Pre-
cipitation appears to be of greater relevance over western France
and the Mediterranean region. In the latter one also global radiation
provides a signiﬁcant contribution.
5. Discussion
To understand and improve the low model quality especially
over the central-northern and northern part of France (which are
important for winter wheat production) further investigation is
required. Efforts should focus on trying to detect and attribute
changes in the variability of wheat yield caused by changes in
agro-management practices. Indeed, long-term effects of changes
in agro-management practices can inﬂuence not only the trend
in crop yields, but also their inter-annual variability. In addition,
longer time series are required to obtain more stable PLSR regres-
sion models over regions with low prediction skill. The inferred
PLSR models can be potentially used for prediction purposes, espe-
cially over départements where low MSEPboot values have been
estimated. This is clearly shown in Fig. 1. However for both crops,
simulated yields tend to overestimate observed values during years
with extremely negative observed yield anomalies (e.g. grain maize
in 1990, 2003 and 2013; winter wheat in 2003 and 2007). The
current statistical approach could be complemented with insights
from other (statistical) modelling solutions as, for instance, the
proposed statistical model does not explicitly take into account
extreme events. Indeed, weather extremes (e.g. warm and cold
spells, strong wind, hail, heavy precipitation leading to ﬂooding
or local water logging) act on a shorter time scale and may some-
times lead to complete crop failure (e.g. Hawkins et al., 2013). By
using the monthly temporal resolution, those events are partially
reﬂected in the monthly averages or sums. The identiﬁed periods
of higher relevancy during the growing season can be used to plan
adaptation measures in order to reduce the negative inﬂuence of
extreme weather events.
A. Ceglar et al. / Agricultural and Forest Meteorology 216 (2016) 58–67 65
Fig. 5. As Fig. 3 but for winter wheat.
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Fig. 6. As Fig. 4 but for winter wheat.
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The results of this study can contribute to the improvement of
perational crop yield forecasting systems, such as the one used
y the Joint Research Centre (MCYFS, 2015). This study can also
ontribute to the development/improvement of long-term (e.g.
easonal) crop yield forecast. The derived statistical models could
e easily integrated in a seasonal crop yield forecasting system by
sing the probabilistic weather forecasts of the identiﬁed mete-
rological variables. The proposed approach can be also used for
limate change studies, providing a robust framework to assess the
mpact of climate change, as projected by climate models, on crop
ields. Finally, we envision that similar analysis of dynamic crop
odel results could reveal important information on the accuracy
f the dominant processes included in mechanistic crop models to
odel yields at regional level. The proposed statistical framework
ould be applied for evaluating dynamic crop model simulations by
uilding an emulator of dynamic crop model. A similar approach
o analyse the impact of intra-seasonal climate variability on crop
ields can also be extended to other regions of the world, pro-
ided sufﬁcient length of crop yield and explanatory meteorological
ariables time series.
. ConclusionsWe  have assessed the impact of intra-seasonal climate variabil-
ty on regional crop yields by analyzing multi-annual time series
f winter wheat and grain maize yields in France at département
evel. Partial least square regression has been used to identify theon inter-annual variability of winter wheat and grain maize yields.
key intra-seasonal meteorological factors driving inter-annual crop
yield variability. For both crops, apparent spatial differences have
been observed in the timing of impact as well as in the meteoro-
logical variables having (air temperature, precipitation and solar
radiation) the highest relevance. A graphical summary of the main
ﬁndings is presented in Fig. 7.
In the case of grain maize, crop yields are mainly inﬂuenced by
weather in July and August, even in irrigated regions. In large parts
of southern, eastern and north-eastern France, summer tempera-
ture has been identiﬁed as the most important factor, with positive
temperature anomalies leading to reduction in crop yields. Global
radiation in the early growing season is the main factor over the
westernmost part of France. Grain maize yields in eastern France
are not strongly affected by climate conditions in August. The rain-
fall effect on crop yield is difﬁcult to detect in irrigated regions.
Indeed, global radiation and temperature are the dominant cli-
matic variables affecting inter-annual maize yield variability over
extensively irrigated areas of south-western and southern France.
Less irrigated regions in south-western, western-most and central
parts of France are more sensitive to rainfall and global radiation
variations.
Winter wheat in most regions is more sensitive to weather con-
ditions in late autumn/early winter (with the exception of some
départements located in central and northern France), spring and
in some cases early summer. The exact timing of the sensitivity,
however, is highly variable across the country. Weather in autumn
affects the preparation of seedbed and subsequent sowing, when
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Van der Velde, M., Tubiello, F.N., Vrieling, A., Bouraoui, F., 2012. Impacts of extremeA. Ceglar et al. / Agricultural and
dverse conditions for planting are linked to over-wet conditions.
lobal radiation and precipitation in February seem to have an
mportant positive inﬂuence on wheat yields over the central and
estern-most parts of France. Weather conditions in April and May,
oinciding with the ﬂowering period, have a relevant impact over
he whole country, except the northern and north-western départe-
ents,  where ﬂowering occurs later. Indeed, over those regions
eather conditions during June and July have been recognized as
he most inﬂuential. Overall, temperature has a substantial inﬂu-
nce on winter wheat yields in the south-western and eastern parts
f France, while rainfall is especially important over the northern
nd southern parts of the country. Finally, the signiﬁcant role of
adiation over the southern part of France can be deduced from the
nalysis.
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